cardiorespiratory coherence (MP LF Coher ), but reduced ventilation entropy (SampEn VE ), was observed. Therefore, the characterization of cardiorespiratory dynamics by the analysis of V E and HR signals accurately identifies PB and effects of altitude acclimatization, providing promising tools for investigating physiologic effects of environmental exposures and diseases.
Introduction
High-altitude periodic breathing (PB) is a pattern of waxing and waning of ventilation observed in healthy subjects Abstract This work investigates the performance of cardiorespiratory analysis detecting periodic breathing (PB) in chest wall recordings in mountaineers climbing to extreme altitude. The breathing patterns of 34 mountaineers were monitored unobtrusively by inductance plethysmography, ECG and pulse oximetry using a portable recorder during climbs at altitudes between 4497 and 7546 m on Mt. Muztagh Ata. The minute ventilation (V E ) and heart rate (HR) signals were studied, to identify visually scored PB, applying time-varying spectral, coherence and entropy analysis. In 411 climbing periods, 30-120 min in duration, high values of mean power (MP VE ) and slope (MSlope VE ) of the modulation frequency band of V E , accurately identified PB, with an area under the ROC curve of 88 and 89 %, respectively. Prolonged stay at altitude was associated with an increase in PB. During PB episodes, higher peak power of ventilatory (MP VE ) and cardiac (MP LF HR ) oscillations and 1 3 exposed to hypobaric hypoxia [4, 28] . It shares pathophysiologic aspects with the central sleep apnea syndrome and with Cheyne-Stokes respiration in patients with heart failure [5, 10] . Thus, the hyperventilation observed in both subjects exposed to high altitude as well as in certain patients with heart failure reflects an increase in ventilatory drive. While this mitigates hypoxemia and thereby contributes to improved arterial oxygen transport, it is associated with hypocapnia [37] . This results in a decrease in the CO 2 reserve, which is the difference between the arterial carbon dioxide partial pressure (PaCO 2 ) during stable breathing (eupnea) and the apnea threshold, the PaCO 2 below which the drive to breathe ceases and central apnea ensues [10, 21] . In conditions with high ventilatory sensitivity to CO 2 such as in subjects exposed to high altitude or in heart failure patients, central apneas are followed by an overshooting period of hyperventilation resulting again in hypocapnia, which perpetuates periodic ventilatory oscillations. PB may disrupt sleep and be perceived as intermittent dyspnea. Therefore, sleep at high altitude is often perceived as fragmented and less restorative compared with lowlands [38] .
Related to differences in the feed-back control system (plant and controller gain, circulation time [20] ) the cycle length of periodic breathing is shorter in healthy subjects exposed to hypobaric hypoxia (i.e., in the order of 15-25 s [4] ), compared with patients with Cheyne-Stokes respiration due to heart failure (i.e., 25-100 s [6] ). Ventilatory control instability causes changes in the cardiac autonomic regulation, which can be evaluated by analysis of heart rate variability (HRV) [35] .
PB has been thought to occur predominantly or exclusively at rest and during sleep when the wakefulness drive to breathe is reduced and ventilation is controlled by autonomic chemical feed-back control [11] . However, detection of PB during exercise has been hampered by technical and physiologic limitations. For example, a poor signal-tonoise ratio of respiratory signals during physical activity, damping effects of added external dead space associated with measurements [1] and cortical influences overriding autonomic rhythms may all impair the identification of PB. In addition to these limitations, visual detection of PB is tedious and time consuming. Therefore, computerized signal analysis is promising to quantify periodic oscillations in cardiac and respiratory signals although the optimal technique has not been established.
Accordingly, in this study, we aimed to evaluate the performance of several time-varying signal processing approaches for detection of PB comparing them with visual reference of PB, scored by an expert clinician based on guidelines to measure breathing disorders [33] . We analyzed data recorded in mountaineers participating in a medical research expedition to Mount Muztagh Ata, 7546 m, China [3, 4, 23] . Ventilation was continuously recorded through unobtrusive chest wall recordings using portable inductive plethysmography while mountaineers climbed from very high to extreme altitude [13] (from 4497 m up to 7546 m, Fig. 1 ). We hypothesized that time-varying signal processing techniques applied to minute ventilation (V E ) and heart rate (HR) signals accurately quantify PB and allow identification of physiologic adaptation to varying degrees of hypoxia at altitude. The findings gained by these studies may help to better comprehend the mechanisms of diseases associated with hypoxia and give valuable insights into mechanisms and therapeutic targets in other disorders of ventilatory control.
Materials and methods

Subjects, measurements and protocol
The study was performed as part of a medical research expedition to Mount Muztagh Ata (7546 m, China) [3, 4, 22] . The protocol was approved by the ethics committee of the Zurich University, subjects gave written informed consent, and the study is registered at ClinicalTrials. gov NTC00603122. As previously described in detail, 34 healthy mountaineers (median age 46 years, range 26-65 years) climbed from the Muztagh Ata base camp (BC) at 4497 m via three high camps (C1, C2, C3) to the summit at 7546 m, within 19-20 days (Fig. 1) [3] . Physiologic recordings were continuously obtained during climbs in the field by a portable device of the size of a palmtop computer (LifeShirt, VivoMetrics, CA, USA). It incorporated pulse oximetry, electrocardiography (ECG), accelerometers and calibrated respiratory inductive plethysmography as previously described [4] . With this unobtrusive technique, ventilation is monitored through chest wall sensors without the need for airway instrumentation. We have extensively validated the accuracy of ventilation measured by this technique [1, 9] . The barometric pressure was continuously recorded by wrist sensors to track the altitude and hypoxia exposure of the climbers [27] .
Visual analysis of recordings
Data stored in the LifeShirt monitoring devices were downloaded into a personal computer and signals displayed on the video screen using specialized software (VivoLogic V2.1, VivoMetrics, Loma Linda, CA, USA). An investigator experienced with breathing pattern analysis (Konrad E. Bloch) reviewed recordings from each climb lasting for 6-9 h in a day. Four periods of continuous climbing, lasting 30-120 min each, were identified based on climber's log books, altimeter and accelerometer signals, and visual inspection of inductance, ECG and pulse oximeter signals. In the selected recordings that were free of major artifacts, PB cycles were scored visually and manually labeled. According to previously reported guidelines [35] , PB was visually identified based on the inductive plethysmographic sum volume signal if there was a waxing and waning of breathing amplitude for at least three cycles, with transient reductions in amplitude to <50 % of the previous 2-min baseline for >5 s, interrupted by periods of hyperventilation [4] . According to visual scoring, a total of 411 periods from various altitudes (from 4497 m up to 7546 m) were available for analysis, 40 with PB and 371 without PB (nPB). The periodic breathing index (PBI), defined as the number of periodic breathing cycles per hour, and the oxygen desaturation index, defined as the mean number of desaturations (≥4 % dips) from baseline per hour, were computed. The mean oxygen saturation by pulse oximetry (SpO 2 ) and the altitude range for each climbing period were also recorded. The data were further processed by the techniques described below.
Computer-assisted time series analysis
The time-varying cardiorespiratory analysis to detect highaltitude PB involved the following steps: preprocessing signals, time-varying power spectral analysis, coherence and complexity analysis (approximate and sample entropy), and selection of relevant variables for identification and quantification of PB. These analyses were performed using MATLAB version 7.13 (R2011b). Details are provided in the "Appendix."
Preprocessing
Respiratory inductance plethysmography signals, recorded at a sample frequency of 50 Hz, were calibrated by the qualitative diagnostic calibration method, during natural breathing [31] , followed by a fixed volume calibration using rebreathing into a bag of known volume (0.8 L) at the beginning and end of each climb as described previously [7] . Accuracy of calibration was previously verified and was regarded as acceptable if inductive plethysmographic tidal volumes were within 20 % of calibration bag volume. Thus, recordings in which tidal volume calibration at the beginning deviated by more than 20 % from that at the end were discarded. Time series of breath-by-breath minute ventilation (V E ) and heart rate (HR) were selected as the most appropriate signals for this study because they are essential for pulmonary and circulatory gas transport. V E was computed by multiplying the inspiratory tidal volume by the inspiratory rate, both measured in every respiratory cycle. The inspiratory tidal volume corresponds to the amplitude of the volume signal extracted from every breath cycle. V E calculated breath by breath was interpolated to 1 Hz using a cubic spline function.
RR time series were extracted from the ECG sampled at 1000 Hz. The RR time intervals that exceed three times the standard deviation of mean RR were removed recursively to reduce the artifact influence. The sequence of instantaneous heart rates, reciprocal to RR time series, is analyzed in this study [25] . Heart rate (HR) signal was obtained by interpolating the inverse of RR time series to 1 Hz using a cubic spline function. Both V E and HR signals were normalized to unity, and their baseline was removed through a zero-phase second-order high-pass filter. Previous studies have shown that the cycle time of high-altitude periodic breathing may be as short as 15 s [4] . Therefore, a cutoff frequency of 0.008 Hz was found appropriate to filter the baseline.
Time-varying signal processing techniques
Often the same subject during rest and during physical activities of various types and intensities presents a mixture of breathing patterns, ranging from breathing without cyclic modulation through mild PB to more severe PB superimposed on nonperiodic variations in ventilation related to physical and emotional activities, speech and other stimuli. Conventional spectral analysis assumes a stationary signal and is therefore unable to identify pattern changes. An approach to account for such changes is to implement a time-varying spectral and coherence analysis [14, 36] . Using a 6-min sliding time window with 75 % overlap, both V E and HR signals are divided into segments assumed to be stationary and suitable for power spectral density (PSD) and coherence analysis.
The PSD obtained for each time window was characterized through the following variables: (1) the modulation frequency peak (Fp), defined as the maximum value within the frequency band ranging from 0.01 to 0.4 Hz, (2) the power (P) within the modulation frequency band, defined as a fixed frequency band of 0.1 Hz centered at the modulation frequency peak and (3) the slope between modulation frequency peak and the right end of the modulation frequency band as illustrated in Fig. 2 .
According to published guidelines [25] , the analysis of the HR time series was focused on three main frequency bands: very low frequency range (VLF, f < 0.04 Hz), low frequency range (LF, 0.04 Hz < f < 0.15 Hz) and high frequency range (HF, 0.15 Hz < f < 0.4 Hz). The distribution of the power of LF and HF may vary in relation to changes in autonomic modulations of HR. The time-varying normalized power of VLF, LF and HF bands was evaluated. The cardiorespiratory interaction was evaluated in terms of the normalized power of the coherence between V E and HR in VLF, LF and HF bands. Furthermore, complexity analysis based on sample and approximate entropy was applied to both V E and HR signals. This approach allowed us to determine a single number that reflects the randomness (complexity) of the cardiorespiratory pattern. According to Pincus [29] , we worked with m = 2 and r = 0.15 because this was the lowest tolerance value that presented differences between periods with and without PB. Further details are provided in Fig. 7 in "Appendix." operating characteristic (ROC) analysis. Altitude acclimatization is a time-dependent process of physiologic adaption to hypoxic conditions at altitude. The effect of acclimatization on variables derived from signal processing was assessed by comparing data from climbs over the same route (climb from BC, 4497 m to C1, 5533 m) within 5-8 days (Fig. 1) .
Selection of variables and evaluation of diagnostic performance
Statistics
Statistical analysis was performed using IBM SPSS Statistics software (v 19) . Data are summarized as medians (first and third quartiles) to account for nonnormal data distribution. Differences were evaluated by Mann-Whitney U test. A probability of p < 0.05 was considered significant, applying a Bonferroni correction where appropriate. A parameter selection process was implemented over the statistically significant parameters using linear discriminant analysis. Leave-one-out cross-validation technique was applied to the limited number of climbing periods.
Results
Figures 3 and 4 show the time-varying PSD of V E and HR signals and their coherence for a mountaineer with and without PB, respectively. The most striking feature in these diagrams is the temporal evolution of the modulation frequency peak in both spectra, and the high coherence in low frequency band presented by the subject with PB. Fig. 3 a 6 -min segment of minute ventilation (V E ), b 6-min segment of heart rate (HR), c PSD applied to 6-min V E , d PSD applied to 6-min HR, e V E with the 6-min sliding window represented in black, f HR with the 6-min sliding window represented in black, g time-varying PSD applied to V E , h time-varying PSD applied to HR and i time-varying coherence between V E and HR, of a subject with PB 1 3
Classification of recordings with and without PB
The accuracy of statistical signal processing techniques in classification between 40 PB and 371 nPB periods was evaluated in a first step by comparing mean values between the two sets of data (Table 2) . Both, the mean of the power (MP VE ) and the slope (MSlope VE ) of the modulation frequency band are significantly higher in PB climbing periods Including data from all (from BC at 4497 m to the summit at 7546 m), correlation analysis between several variables derived from signal processing was performed. This revealed significant positive correlations (r > 0.5, p value < 0.0005) between the variables derived from the ventilation signal (MP VE and MSlope VE ) as well as with low-frequency cardiac power (MP LF HR ) and cardiorespiratory coherence (MP LF Coher ). In contrast, significant negative correlations were found between variables derived from spectral analysis of the ventilation and HR signals with entropy measures. MP VE , for example, presents a negative correlation of r = −0.7, p value <0.0005 with both ventilation entropy measures (SampEn VE and ApEn VE ) and r = −0.5, p value <0.0005, with HR, reflecting lower ventilation complexity and lower cardiac rate (M HR ) during PB. Figure 6 illustrates some of these results. In addition, positive weakly-to-moderately significant correlations (r = 0.3 and r = 0.5) were found between the approximate and sample entropy of the HR signal (SampEn HR and ApEn HR ) and high-frequency cardiac power (MP HF HR ), suggesting that higher HR complexity is associated with higher cardiac power at the high frequency band.
SpO 2 decreased at higher altitudes, reflected by a negative correlation (r < −0.5, p value <0.0005) as expected, and low SpO 2 values were found to be associated with higher HR values (M HR ) (r < −0.3, p value <0.001). 
Effect of acclimatization
As Fig. 1 illustrates, the subjects climbed the same ascent from BC (4497 m) to C1 (5533 m) twice within a few days allowing assessment of acclimatization effects. 
Discussion
In this study, we have proposed the characterization of cardiorespiratory dynamics using the minute ventilation signal and heart rate signal to automatically detect and quantify high-altitude periodic breathing (PB). Based on a unique set of cardiorespiratory recordings obtained unobtrusively in 34 mountaineers climbing to extreme altitude and reference PB scores, we found that variables derived from timevarying analysis of spectral density, entropy and coherence performed accurately in identifying and quantifying highaltitude PB and effects of acclimatization. These promising results allow an objective evaluation of the effect of hypobaric hypoxia on control of breathing even in conditions of low signal-to-noise ratio and will provide a powerful alternative to tedious and time-consuming visual assessment.
Spectral characterization of the envelope of the respiratory flow signal, acquired at rest using a pneumotachograph, was successfully applied to identify PB and Cheyne-Stokes respiration in heart failure patients [15] . These results improved by applying a nonlinear spectral characterization to the respiratory flow signal through the innovative correntropy function [16] . In that database, the respiratory flow signal of heart failure patients at rest was acquired using a pneumotachograph. Conversely, in the current study the volume signal was derived from chest wall recordings without airway instrumentation. The respiratory pattern characterization through the analysis of the respiratory volume signal was performed previously to detect and quantify high-altitude periodic breathing (PB) [18] . Higher power of the modulation frequency band detected by parametric spectral analysis and higher respiratory frequencies were observed at lower SpO 2 . In the current study, we extend the application of parametric power spectral analysis to the minute ventilation and heart rate signal obtained unobtrusively in subjects during physical activities of variable intensity and under harsh environmental conditions at extreme altitude.
We evaluated the discrimination of recordings with and without periodic breathing by several variables derived from the spectral analysis, cardiorespiratory coherence and entropy of the time series of ventilation and HR. Although several variables were significantly correlated among each other (Fig. 6) , we found that the power (MP VE ) and slope (MSlope VE ) of the ventilation modulation frequency band performed particularly well in identifying visually scored PB and nPB periods correctly, i.e., in 88 and 89 % of instances, respectively (Fig. 5) . The accurate identification of PB recordings through the characterization of cardiorespiratory dynamics suggests that this approach is promising and that these variables could be valuable indices to quantify and evaluate PB by computer-assisted automatic analysis.
In terms of physiologic adaptation, it is remarkable that PB was observed by visual analysis and identified by timevarying signal processing of ventilation and HR, along all the ascents even during heavy physical exertion. Enhanced spectral power in both V E and HR signals (MP VE , MP LF HR ) and higher cardiorespiratory interaction (MP LF Coher ) were identified in the low frequency band, which coincides with the periodic breathing oscillations frequency range. Ventilation instability is therefore clearly interacting with heart rate. Previous research on the analysis of HRV in response to PB in patients with congestive heart failure revealed a high power at VLF [26, 35] . Conversely, in the healthy mountaineers exposed to hypobaric hypoxia in the current study we observed a high power in the LF band. These differences are consistent with the longer cycle times of PB in heart failure patients compared with those of healthy subjects [12] . These results coincide with the findings reported by Lipsitz et al. [24] showing high cardiac power at LF due to high-altitude PB.
Regarding the complexity analysis, cardiac and ventilatory entropy decreased significantly in periods with PB, reflecting lower cardiorespiratory complexity during PB associated with exposure to hypobaric hypoxia. Decreases in entropy of cardiac interbeat intervals have also been observed in conditions of cardiovascular stress associated with heart failure [16, 30] at rest, and even in heart failure patients performing their usual daytime activities [6] .
Different physiologic conditions seem to have different complexity and regularity properties. Thus, we employed not only spectral analysis but evaluated entropy within physiologic signals of mountaineers as well. The presence of PB was negatively correlated with variables reflecting cardiorespiratory entropy (Fig. 6) . Therefore, periodic breathing seems to reduce complexity within the variability of ventilation and HR. The reduced complexity within the corresponding physiologic signals in heart failure patients with breathing disorders and higher risk condition is consistent with the notion that entropy measures are negatively correlated with conditions of physiologic stress such as hypoxia or heart failure [17] .
The effect of acclimatization could be assessed by comparing data from subjects climbing the same ascent twice within a few days (Fig. 1) . Acclimatization is associated with a number of physiologic adjustments including an increased ventilatory drive. It increases ventilation and mitigates hypoxemia by reducing the alveolar PCO 2 . This was associated with an increasing number of visually scored PB cycles and as well with a significant rise in cardiorespiratory measures of PB extracted through signal processing (Table 3) . Therefore, the characterization of cardiorespiratory dynamics is useful to detect physiologic effects of acclimatization. The increase in measures of PB observed with acclimatization despite a simultaneous increase in oxygen saturation is consistent with an ongoing increase in ventilatory sensitivity to hypoxia and carbon dioxide during prolonged exposure to extreme altitude [32] . Consequently, the robust automatic quantification of PBI, proposed in this study, provides a new approach to assess physiologic changes to adaptation in high altitude beyond the current analysis.
A particular and unique strength of our study is the application of time-frequency signal processing and visual analysis to the same data obtained unobtrusively during challenging field conditions in a large sample of subjects. Thus, the different approaches could be directly compared.
Conclusions
The results of the current study demonstrate that the proposed time-varying signal processing techniques applied to ventilation and heart rate are suitable to provide objective information about the cardiorespiratory pattern permitting to identify and quantify periodic breathing in an automatic approach. Employing a time-varying analysis allowed the detection of alterations in cardiorespiratory oscillations over the course of changes in altitude, physical activity and acclimatization. Therefore, the time-varying signal processing techniques seem to be valuable tools for the investigation of the respiratory and cardiac response to various environmental stimuli and diseases. Accordingly, in this study the automatic characterization of cardiorespiratory dynamics has shown that PB increases as climbers acclimatize during ascent to extreme altitude. The advantage of model-based frequency estimation is its capacity to predict future samples outside of the observation interval, instead of assuming zero as occurs with conventional nonparametric or Fourier-based spectral analysis [34] . The accuracy of the AR model was evaluated through the mean square prediction error. The optimum model order (ranging from 2 to 50) was selected for each signal according to the criterion proposed by Rissanen [30] , based on selecting the model order that minimizes the description length.
Coherence
The coherence function measures the strength of the linear interaction between two time series at each frequency. Its value ranges from 0, implying no temporal correlation between the two signals to 1 implying maximum correlation. It is described as where P x (f) and P y (f) are the PSD of both signals x(n) and y(n), respectively, and P xy (f) is the cross-PSD between them. In order to get higher frequency resolution, a parametric coherence is implemented in this study [19] .
In parametric coherence analysis, a bivariate autoregressive model is applied to calculate the parametric cross-PSD. The relationship between both signals is described by
where the matrix S contains both signals, matrix A autoregressive coefficients and matrix E zero-mean white noise inputs.
The matrix of PSD for this bivariate autoregressive model is obtained by where * denotes the conjugate transpose of the matrix. The matrix A is obtained through
Complexity analysis
Approximate entropy (ApEn) and sample entropy (SampEn) provide quantitative information about the complexity of the signals. ApEn is approximately equal to the negative average natural logarithm of the conditional probability that two sequences that are similar for m points remain similar, that is, within a tolerance r, at the next point. In order to avoid the occurrence of ln(0) in the calculations, ApEn algorithm counts each sequence as matching itself. ApEn is therefore heavily dependent on the record length and lacks relative consistency. SampEn is the negative natural logarithm of the conditional probability that two sequences similar for m points remain similar at the next point, where selfmatches are not included in calculating the probability [8] .
Considering the signal x(n) and the parameters m and r, the ApEn is computed by 
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The complexity of the V E and HR signals was evaluated with tolerance values ranging from 0.05 to 0.5 and m = 2 (see Fig. 7 ). Sample entropy and approximate entropy of V E and HR for PB and nPB periods with different tolerance values are plotted. According to this analysis and previous studies, the tolerance value of 0.15 was selected for further processing [2] . 
